Abstract: Emerging on-line reservation services and special car services have greatly affected the development of the taxi industry. Surprisingly, taking a taxi is still a significant problem in many large cities. In this paper, we present an effective solution based on the Hidden Markov Model to predict the upcoming services of vacant taxis that appear at some fixed locations and at specific times. The model introduces a weighted confusion matrix and a modified Viterbi algorithm, combining the factors of time of day and traffic conditions. In our framework, the hotspot or hidden states extraction is implemented through kernel density estimation (KDE) and fuzzy partitioning of traffic zones is done via a Fuzzy C Means (FCM) algorithm. We implement the proposed model on a large-scale dataset of taxi trajectories in Beijing. In this use case, tests demonstrate the high accuracy of the modeling framework in predicting the upcoming services of vacant taxis. We further analyze the factors affecting the predictive accuracy via a prediction accuracy analysis and prediction location evaluation. The findings of this paper can provide intelligence for the improvement of taxi services, to increase the passenger capacity of taxis and also to improve the probability of passengers finding taxis.
Introduction
In many large cities around the world, taxis have become an important mode of transportation when residents go to work, shop and partake in other travel activities, and may even be the preferred modal choice, due to the relatively comfortable experience and ease of use, and due to parking difficulties associated with self-driving. The number of taxis in some international cities is on the rise. For instance, the number of taxis in Beijing now exceeds 60 thousand, according to the annual report of traffic development in 2018 [1] . On a workday in Beijing during 2017, the proportion of taxis accounted for 2.8 percent of trips of all modes in the central urban area. However, the rate of vacant taxis usually remains at 30 percent to 40 percent. With the development of the Internet and mobile applications, emerging reservation services and ride-hailing car services have greatly influenced the traditional taxi industry. On the other hand, due to expanding demand for mobility, finding vacant taxis remains an on-going problem during extended periods of the day. Specifically, in a number of business centers, which may include large office and shopping districts, it can be acutely difficult to find a vacant taxi during peak times. Clearly, simply only increasing the number of taxis does not seem to be an efficient solution to the chronic imbalance between the demand and the supply of taxi services. Moreover, it not only intensifies urban congestion, but also affects environmental quality.
Thus, getting closer to parity and reducing the rate of vacant taxis is an imperative objective. The accurate estimation and prediction of upcoming taxi services near fixed locations are essential and useful for providing a better taxi service, relieving the pressure on public transportation systems, and transporting passengers with less hassle. Meanwhile, large geospatial datasets of available trajectories can provide powerful support for a richer urban computing environment and for fostering the operationalization of smart and connected cities. Generally, most taxis are in use during the peak periods in large cities. Moreover, the online request system for taxis fails to perform to their intended potential because of traffic conditions. Typically, customers seeking a ride just wait for and hail a taxi at fixed sites where current passengers are dropped off.
This paper presents a new methodology aimed at increasing the usage of taxis, and at enhancing the place-based pairing of demand and supply with a new predictive model based on a large scale of trajectory data. The model predicts the upcoming services of vacant taxis near fixed locations. Our contributions are as follows:
• A feasible predictive model is built and trained on the historical trajectories of taxis. The Beijing taxi service is employed as a use case for which a large dataset of taxi trips is used to demonstrate the proposed model. This use case shows the potential of utilizing trip-based data for predicting the upcoming services of vacant taxis near certain fixed locations.
•
The method uses the hidden Markov model, which works based on historical taxi trajectories, and takes into account other factors, such as the time of day, traffic conditions and the fuzzy partitioning of traffic zones, in order to make predictions. All of these factors have been analyzed to determine their impact on the prediction results.
The model can predict the upcoming services of vacant taxis and specify pickup locations within arbitrarily sized zones and time intervals.
The remainder of this paper is organized as follows. Section 2 briefly reviews the literature on taxi trajectory analysis, its application and related research regarding the prediction of the place-based demand for taxi rides. Section 3 introduces the predictive model in detail. The use case of the predictive model is demonstrated with a large dataset of taxi trajectories in Beijing in Section 4. Finally, conclusions are drawn in Section 5.
Related Work
Recently, with the popularization of GPS sensors and the development of technologies for harvesting data, analyzing and mining taxi GPS trajectories bring many new and important developments in urban analytics and smart city research. These include trajectory segmentation [2] [3] [4] and semantic enrichment [5, 6] , monitoring of trajectories to improve taxi services [7] , detecting the dynamics of the accessibility of road networks [8] , analyzing the travel patterns and mobile behaviors of urban individuals [9, 10] , the clustering of trajectories to detect hotspots [11] , mining lane-level road information [12] and plan routes [13] , and the identification of the structures of the urban environment [14] . More specifically, some research focuses on the prediction of the next locations of taxis [15] [16] [17] and a recommender system for the value of waiting times and locations and cruising routes for taxi drivers.
To solve the data sparsity problem and improve the accuracy of predicting the next location, Chen et al. [15] propose a logistic regression model that combines two different Markov models, namely the object-clustered Markov model and the trajectory-clustered Markov model. The two Markov models focus on related but different aspects that would likely affect the accuracy of prediction, namely the similar movement patterns of objects and the similarity between trajectories. At variance with Chen's concern, Qiao et al. [16] aims to predict trajectories efficiently, considering the state retention problem. In this paper, a trajectory prediction method is proposed by incorporating an automatically adjusted parameter algorithm, which mainly tunes the sizes of map cells, clusters and trajectory segments, based on the hidden Markov model. A more flexible predictive model is proposed by combining three Markov models, which concentrate on detecting global behaviors, finding individual patterns and grouping similar mobile patterns similar to linear regression [17] . Understandably, the computational complexity of the integrated model presented in the literature [17] is relatively high when making a prediction.
On the whole, recommending some popular waiting locations and routes for taxi drivers is considerably significant. Yuan et al. [18] develop a recommendation system that provides taxi drivers with some location spots where riders can be expected, and a maximum profit during the next trip can be anticipated. Meanwhile, the system can also recommend some locations where it would be easier to find vacant taxis. Zhen Qiu et al. [19] adopt the nonhomogeneous Poisson process approach to predict the waiting time and recommend waiting locations for passengers, which correspond to grid cells that partition the map of the service area. A limitation of this work is that it only fits large datasets because it employs the nonhomogeneous Poisson process. To offer efficient suggestions on the cruising routes for vacant taxis in search of customers, Hou et al. [20] tries to find the optimal solution to the Taxi Cruising Guidance (TCG) problem by minimizing the global vacant rate, which is accomplished by incorporating traffic conditions based on mobile network technologies. Xu et al. [21] develop a taxi-hunting recommendation system that can process large volumes of taxi trajectories and estimate the waiting time of finding a taxi at specific locations.
Instead of providing guidance to taxi drivers for finding riders, some research looks at the strategic considerations that drivers may use to generate more business. Zhang et al. [22] mainly addresses the service strategies of taxi drivers in finding riders, delivering riders and picking service areas. By analyzing the correlation between different service strategies and the produced revenue, the authors find the optimal service strategy of taxi drivers that would generate the best sales. Wong et al. [23] presents the idea of modeling the bi-level decisions of vacant taxi drivers based on the sequential logit approach for finding riders. In addition, the authors analyze influential factors when vacant taxi drivers make a choice between continuing to stay at a taxi stand waiting for customers or traveling to the nearest taxi stand. Tang et al. [24] builds a two-layer model to estimate the behaviors of taxi drivers while they are searching for customers and choosing a route. The two-layer model includes a Huff model and a path size logit model, which are explored to analyze the attractiveness of any pickup locations and estimate the probability of the chosen path.
How to predict the upcoming services of vacant taxis is also a very challenging task. To estimate the number of vacant taxis, Santi et al. proposes a predictive model [25] based on a Bayesian classifier that can address uncertainty using an error-based learning method and detect the adequacy of data by calculating information entropy. This model considers the influences of the time of day, the day of the week, and weather conditions. Similarly, Luis et al. [26] mainly focuses on building a model that combines three time-series forecasting methods, including the time-varying Poisson model, the weighted time-varying Poisson model and an autoregressive integrated moving average model, for predicting the upcoming services for given taxi stands. Unlike the task of identifying vacant taxi or taxi pickups directly, Yin Zhu et al. mainly focuses on how to infer the three statuses of a taxi: Occupied, non-occupied and parked [27] . In this paper, the authors devise an algorithm for finding parking places. Meanwhile, the authors also propose an inference model based on a probabilistic decision tree and hidden semi-Markov model to detect whether a taxi is occupied. This strand of literature is closer to our work than the body of literature mentioned earlier in this section.
In contrast to previous research, we pay attention not only to the taxi service but also to the space-time distribution of the demand of riders. The Markov model performs well in location prediction [15] [16] [17] with a high accuracy. The aforementioned studies mainly adopted the Poisson process and time-series forecasting methods to predict the whole demands of taxi services or to identify vacant taxis based on a large volume of taxi traces. Instead of concentrating on the global change tends, to accurately predict upcoming vacant taxis, we build a predictive model based on the hidden Markov model, considering the mobile pattern of similar taxis and influential factors, including the time of day, traffic conditions, hidden states and the partitioned observation set.
Predictive Model
Let L = {l 1 , l 2 , . . . , l n } represent the set of n fixed locations of interest and P = p 1 , p 2 , . . . , p n represent a set of m possible customer pick-up locations that are popular places belonging to the set L. The goal of the model is to predict the upcoming services of any vacant taxis at possible pick-up locations in the next few minutes on the basis of historic taxi trajectory data. To do so, a predictive model based on the hidden Markov model (HMM) is proposed.
HMM Model and Framework
The Markov model is a stochastic process that includes the Markov chain and the corresponding state transition matrix. The Markov chain is also a discrete time stochastic process with a Markov property, in which the probability of the state only depends on the previous n states. The hidden Markov model (HMM) is seen as a double stochastic process. The first stochastic process is the Markov chain used to describe the transition process of states by the state transition matrix. The second stochastic process is an observation process that is employed to describe the relation between the state sequence and observation sequence by a probability matrix of the observation values. Specifically, the state is uncertain and even invisible in the HMM. Therefore, these states could be evaluated or decoded by following an observation process with certain rules. Usually, the HMM is a triple vector (π, A, B), where π represents the vector of the initial state probabilities, A represents the state transition matrix, and B represents the confusion matrix in which each element is the probability of each observable value.
Many studies of the predictive analytics of taxi activities focus on the Poisson process, time-series forecasting and the regression model. The Poisson process can be seen as a Markov process with continuous time and a discrete state. Because of its specific features, the Poisson process may be limited to specific applications only. The time-series forecasting method builds a mathematical model by exploring the evolution of the prediction target over time. Meanwhile, the models often ignore the influence of space. The predicted results of the regression analysis directly depend on the specification of the regression model. As a substitute to these approaches, the HMM can advantageously be used to predict the change in state at every moment in the future according to the current state of the geographic event. In particular, the HMM is well suited to build models for large trajectory datasets, and has been widely employed in predicting the sequence of locations of the trajectory. Furthermore, the model based on the HMM has demonstrated a capability to predict the specific locations in the future with a high prediction accuracy.
To make predictions based on historical trajectories, we propose a predictive model based on the HMM. The proposed model is a five-tuple HMM = {H, O, Π, A, B} for the taxi trajectories, as follows.
1.
H denotes a set of hidden states that represent the central geographic positions of popular commercial business districts and the hotspots of taxi activity extracted from historical trajectories.
2.
O represents a set of traffic zone centers generated by partitioning the historical trajectories.
To estimate the most likely sequence of the hidden states of the test trajectories, we need to calculate the probabilities of these hidden states from the observation set. A large dataset of historical trajectories is used for this purpose. In our predictive model, the observation set is composed of the centers of traffic zones in the map partitioned by conducting fuzzy clustering on the taxi trajectories. The impacted areas of the traffic zone centers can be adjusted according to actual requirements.
3.
Π = π i represents a set of the initial probabilities of the states, where π i represents the initial probability of state i.
4.
A = a ij represents a matrix of probabilities of transition between states, where a ij = P X j X i denotes the transition probability from state i to state j.
5
. B = {b ik } represents a weighted confusion matrix composed of the probability values contributed by the historical trajectories of the hidden states i, where b ik = P{o kt |X it } denotes the probability of the observed value in zone o k given the hidden state i.
The framework of the predictive model includes two phases, as shown in Figure 1 . The first phase involves the training of the predictive HMM. The second phase is to make the predictions using the HMM trained in the first phase. During the training phase, we need to estimate the transition probabilities between hidden states and partition the trajectories into different zones based on the observation level by using the training set. In the prediction phase, we compute the weighted confusion matrix and adopt the modified Viterbi algorithm to estimate the most likely sequence of hidden states for the testing trajectories, after the given time point t. 
where StCount represents the number of trajectories from state to state . In this approach, states
207
and are extracted by a kernel density estimation conducted on the training dataset of trajectories.
208
The other critical element, the observation set O, would be generated by a trajectory clustering on the 209 training dataset of trajectories. The prediction is described using the HMM as follows: 
Model Methodology
The objective of the predictive model is to estimate the upcoming services of the vacant taxis near each fixed location corresponding to a hidden state in the HMM. The prediction can be derived by training the HMM as shown in Figure 1 . The critical elements in training the HMM include the probability matrix A of the transitions between states and the observation set O. The probability matrix A would be calculated using equation 1:
where StCount ij represents the number of trajectories from state i to state j. In this approach, states i and j are extracted by a kernel density estimation conducted on the training dataset of trajectories. The other critical element, the observation set O, would be generated by a trajectory clustering on the training dataset of trajectories. The prediction is described using the HMM as follows:
1. Given a test trajectory, segment it at a given time interval, mark the current state at that time point, and then map it into corresponding clusters. 2.
Calculate the probabilities of the initial states using equation 2:
where n i represents the number of trajectories near the fixed location corresponding to state i at the initial time t = 1. 3.
Estimate the next state of the current trajectory at the next time interval, accounting for traffic conditions, such as the moving direction at the current time and the average speed at the same time interval. 4.
Calculate the weighted confusion matrix using equation 3:
where w ik is a coefficient that denotes the influence of state i generated by cluster k. We can calculate the coefficient using the difference between the location of state i and the location of cluster k by different impact factors including distance and speed. ObsCount ik represents the number of trajectories observed by cluster k at the hidden state i.
5.
Calculate the partial probability of the hidden state i at time t using the following equation 4:
The maximum partial probability of the hidden state i at time t indicates that the likelihood of the next location near state i is greater.
Here, we provide an example to demonstrate how to make predictions by exploiting the model. As shown in Figure 2 , the set H = {H 1 , H 2 , H 3 , H 4 } includes four hidden states, and the observation set includes a dozen elements. We calculated the initial probability matrix of states Π = {π i } = {0.6, 0.3, 0.1, 0} and the probability matrix A of state transitions by using the historical trajectories based on the trained HMM. We partition the historical trajectories into different clusters
at the observation level to analyze the influence of different contextual factors, such as the hour of the day and traffic conditions, belonging to each cluster in state i. Therefore, we test which state sequences correspond to the fixed locations near where each trajectory passes, where the probability would reach its maximum. In other words, we expect p (h 1, h 2, h 3, h 4 o 1 , o 2 , o 3 , . . . , o 12 ) to reach the maximum.
According to the Bayesian law, we can calculate the result by the following equation: Compute the weighted confusion matrix B using equation 3.
where 
The maximum partial probability of the hidden 
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where the part p( , , , … , |ℎ , ℎ , ℎ , ℎ ) corresponds to the confusion matrix B. More To predict the number of trajectories at a fixed location (state), we adopt the Viterbi algorithm and make a modification that estimates the next state at the next time interval before computing the partial probability of the hidden state to estimate the most likely sequence of hidden states. The most likely locations where this test trajectory passes include the fixed locations corresponding to the states h 1 , h 2 , and h 3 . If a potential rider is waiting for a vacant taxi at some fixed location at a given time, such as between 7 and 8 am, we first calculate the current time period (we may suppose that the time period is every five minutes) of the test trajectories. Then, we calculate the possibility of each state in the next time interval. The maximum value denotes that the probability of state i is the most likely location of the trajectory at the time period t. For instance, if the current time interval is two, then we calculate the maximum value at the third period (after five minutes). According to the above calculation process, the result δ 3 (3) means that the upcoming location is the fixed location of state H 3 after five minutes. In a similar fashion, if we want to calculate the most likely location after ten minutes, we can calculate the maximum value at the fourth period.
Experimental Results and Discussion
The experimental data used in this use case were from a 24-h dataset collected from 26 November to 30 November 2012, totaling over 37,326 trajectories generated from 1966 taxis. The time interval of the data collection is usually in the range of 30 s to 1 min. Delayed or missing data may occur depending on the quality of the GPS signal, and additional records were collected when the taxi load status changed. The testing data come from November 30, 2012. It was a Friday, and both business and shopping trips were on-going and recorded in large numbers. In this paper, the taxi trajectories during the morning peak period between 7: 00 and 9: 00 am, and the evening rush period between 5: 00 and 7: 00 pm, are tested.
Extration of Hidden States
Geographic events could occur anywhere spatially, but the probabilities of events occurring at different locations are different. Generally, the probabilities of events occurring in high-density regions are greater than the probabilities of those events occurring in more sparsely developed areas. In this paper, the potential taxi pickup hotspots represent those drop-off locations that are significantly concentrated in one place or in many places. How to determine the hidden states of the model is a crucial step before computing the probability transition matrix. We focus on discovering the popular spatial locations of taxi drop-offs and, thus, concentrate on estimating the spatial density of these drop-off events. We adopt the spatial kernel density method for extracting the prospective hotspots of taxi pickup locations.
Suppose that a location series is composed of n drop-off events with locations {s 1 , s 2 , . . . , s n }; the probability of drop-off events at location s would be estimated by the following spatial kernel density estimation (KDE) formula.f
where K(·) represents the kernel and h represents the spatial bandwidth. The spatial kernel function is a zero-mean probability density function, and the spatial bandwidth greatly affects the properties of the resulting density. A Gaussian function with a certain standard deviation is one of the most common and popular smoothing kernels. Here, we employ the Gaussian kernel to discover any high-density areas. Forty eight thousand seven hundred and sixty eight drop-off points, which only cover the central portion of Beijing, were extracted for analysis. Moreover, only drop-off points with valid geocoded locations and time intervals were included. We derive the generalized areas of the hotspots with the KDE method, as mentioned above. Taxi drop-off points that were in the high-density areas were selected from the training dataset based on the locations of major business centers, shopping centers, universities and other traffic generating communities. Then, the corresponding trajectory origins were identified and extracted from the hotspots of taxi drop-off locations. As shown in Figure 3 , there are 19 main high-density areas generated by KDE. The highest density areas are located around Liuliqiao, which is near to the Beijing West railway Station, and Zhongguancun, which is a popular computer and information science and technology production hub in Beijing. Most of these high-density areas could be potential locations corresponding to hidden states in our proposed predictive model.
Extrating Observation Set
To estimate the probability of hidden states, we build an observation set by partitioning the zones within the included range of taxi trajectories. Rather than a hard partitioning method, we adopt a fuzzy clustering approach that can deal with the uncertainty of samples belonging to different classifications. The Fuzzy C Means (FCM) algorithm is a clustering method based on an objective function. For a given dimensional data set X = {X 1 , X 2 , · · · , X n }, the algorithm is defined as follows [28] :
where c represents the number of clusters, n represents the number of data points, and µ ij represents the membership degree of data point X j belonging to the fuzzy cluster C i . In addition, V i represents the i th cluster centroid, and m represents the weighting exponent, and also controls the fuzziness of the membership of each piece of data. As well as these, d X j , V i represents the Euclidean distance between X j and V i with plane coordinates. The FCM algorithm can divide the data set X into different clusters C by minimizing the objective function.
around Liuliqiao, which is near to the Beijing West railway Station, and Zhongguancun, which is a 299 popular computer and information science and technology production hub in Beijing. Most of these 300 high-density areas could be potential locations corresponding to hidden states in our proposed 301 predictive model. To obtain credible clustering results, the parameter m of the FCM algorithm is set to 2, and the parameter ε for the iterative condition is 0.0001. However, the fuzzy clustering algorithm is an unsupervised method, and the number of clusters C must be selected beforehand. Here C is set to 15, 20, and 25 to observe alternative clustering solutions. As a result, we obtain a collection of clusters, each of which contains a set of trajectory points with similar spatial features. However, different partitioning solutions lead to different prediction results. We describe the results in detail in the next section.
Predition Results and Discussion
To predict the probability of taking a vacant taxi, we perform the predictive model at major fixed locations where passengers expect to find vacant taxis at given times. We split the trajectory data into a training set and a testing set to implement our model. We use 1446 trajectories generated by 176 taxis as the testing dataset. According to the results of the KDE, as described above, and consistently with known popular commercial areas, we confirm 19 fixed locations corresponding to the hidden states in our predictive model. We mainly focus on the prediction results of the following 11 fixed locations: Xidan, Wangfujing, CBD, Dongzhimen, Xizhimen, Wukesong, Zhongguancun, Yayun, Wangjing, Yansha and Liuliqiao. Generally, taxi trip patterns are expected to be different in different zones according to the time of the day. For example, from 8 am to 9 am, taxi traffic may drop in business zones or near major subway stations because people are at work. However, taxi traffic may increase in residential or commercial zones after the evening peak. We performed experiments on the testing dataset at peak and off-peak times separately using the proposed model to compare the prediction results between different times of the day.
As mentioned above, we first build observation sets by partitioning trajectory data points into different zones within the covered range of taxi trajectories. Our prediction results are expected to be affected by different partitioning solutions. The partitioned zones can be seen as the observation set here as well. Before conducting the experimentation, we segment each testing trajectory at a given time interval, such as three minutes and five minutes, that can be adjusted according to actual traffic conditions. In our experimentation, we adopt five minutes as the temporal resolution of the trajectory segments. Here, we use the predicted accuracy ratio, dividing our predicted values by the actual values of vacant taxis, to compare the variance in the predicted accuracies between different partitions at each fixed location. Figure 4 shows the prediction accuracies during peak and off-peak times when the number of partitioning clusters is equal to 15, 20 and 25, respectively. From Figure 4a , we find that the prediction accuracy of the largest partition (number of clusters = 25) is higher than those of the partitions near areas such as Wangfujing, CBD and Dongzhimen. Specifically, the prediction accuracy reached one hundred percent near areas such as Dongzhimen and Zhongguancun. However, in other areas, such as Wangjing and Yansha, the prediction accuracy is far lower than that of the other partition results. The worst case is the prediction result near the area of Wukesong, as shown in Figure 4 . For the smallest number of partitions (15) , the worst prediction is found near the CBD. The prediction accuracy during the off-peak time, as shown in Figure 4b , is similar to those during the peak time under the different partition results. However, it is worth noting that a finer partition (number of clusters = 20) is more likely to make a better prediction in general, except for Xidan and Wangfujing. From the KDE map (Figure 3) , it can be seen that Xidan and Wangfujing are lower-density areas. Therefore, we can conjecture that the training set could not provide a prediction model with enough prior experience for these clusters. 
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(a) (b) Considering the influence of the partitioning solutions, we set the number of clustering partitions equal to 20 in order to obtain better prediction results. To evaluate the performance of our predictive model, we compare the difference in the predicted accuracy between the peak and off-peak times in each fixed location, as shown in Figure 5 . As expected, the time of the day appears to have different effects on the predictive accuracy of the model in different zones. From Figure 5 , compared with the other areas, the predicted accuracy of the location around Zhongguancun achieves a maximum value of 100% during the AM and PM peak. In contrast, the predicted accuracy of the area around the CBD reaches a maximum value of 92.3 % during the off-peak. We also find from Figure 5 that during the peak times, the predictive accuracy of the pickup locations, which are more concentrated around the business areas of the city, is more likely to exceed the predicted accuracy during the rest of the day. For instance, the area around Zhongguancun is a major employment center where many high-tech corporations have major facilities. From the KDE map shown in Figure 3 , we also find that this place is a high density trajectory area. As shown in Figure 6 , the number of taxi drop-offs around this area during the evening rush hours exceeded that of the rest of the day. That is the possible reason why the predictive accuracy around Zhongguancun is very high during peak time. Whereas, the predictive accuracy of pickup locations in commercial areas, such as the CBD, during the off-peak time, is higher than the predictive accuracy during the peak time. In contrast to the predictive accuracy in Zhongguancun, the CBD is a financial, information, cultural and the business center area; therefore, taxi drop-offs around the area mainly focus on the off-peak time. In Figure 6 , from 9 am to 12 am and 7 pm to 12 pm, we also see that the number of drop-offs around this CBD far exceeds those during the rest of day. Thus, the trained model on the historic trajectory data during the off-peak time would well support the prediction of our testing set. Finally, to visualize how well the predictive model performs, we map the observed points versus the predicted drop-off points for each taxi trajectory in the test set in Figure 7 . In general, the predicted locations lie in close proximity to the observed values. For the evaluation accuracy of the predictive positions, Figure 8 
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where to find vacant taxis at different times of the day. With a recommender based on our modeling 427 framework, passengers can get better service when taking a taxi because they know how many taxis 428 will serve them in the next few minutes. Of course, the prediction model needs to be integrated to the 429 taxi traffic management platform in order to satisfy the passengers' demand in practice. While such
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implementation is beyond the scope of this research, we demonstrated the feasibility of such a system.
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We put forward a concept on how to leverage historical trajectory data and how to model taxi service 432 dynamically using a large dataset of taxi trajectories. 
Conclusions
Taxi transportation plays an important role in our daily life. Taking a taxi during peak time, parking problems and traffic congestion make finding vacant taxis more difficult. Special car services based on the Internet business model have also brought a big challenge to the taxi service industry. How to explore big taxi trajectory data to discover valuable information has been receiving increasing attention, as has building models for providing better taxi services.
In this paper we propose a model for predicting the upcoming services of vacant taxis in popular areas at a given time. Our predictive model is based on the HMM, along with the KDE method and the FCM algorithm, for extracting hidden states and partitioning traffic zones for building observation sets. Meanwhile, the predictive model combines contextual factors, including the time of day, traffic conditions and the number of partitioned traffic zones. Overall, our proposed modeling framework for predicting the upcoming services of vacant taxis in 11 popular areas in Beijing performed well. Our experimental analysis, including the predicted results and the location deviation analysis, supports our expectation about its predictive performance. On the basis of 176 taxis in Beijing, we find that the number of drop-offs is predicted with a 100% accurate in certain clusters during peak times of the day, and up to 92.3% in off-peak times. Because of the small number of historical trajectories in some popular areas like Wangfujing and Yansha, the average value of the predictive accuracy is pulled down to 77.8%, 83.2% and 78.4%, during AM peak, PM peak and off-peak respectively, in these areas. Even so, the predictive accuracy of most fixed locations exceeds 80%. Meanwhile, the proposed model demonstrates the ability of conducting location predictions, in which the average root mean square error between prediction and observation can be approximately 200 meters.
The predictive model in this study could be useful to city planners in projecting where to set taxi stands, to taxi dispatchers in resolving where to provide services and to taxi riders in figuring out where to find vacant taxis at different times of the day. With a recommender based on our modeling framework, passengers can get better service when taking a taxi because they know how many taxis will serve them in the next few minutes. Of course, the prediction model needs to be integrated to the taxi traffic management platform in order to satisfy the passengers' demand in practice. While such implementation is beyond the scope of this research, we demonstrated the feasibility of such a system. We put forward a concept on how to leverage historical trajectory data and how to model taxi service dynamically using a large dataset of taxi trajectories.
However, there are limitations in the present state of the predictive model, which will mark the directions of future research. First, the prediction accuracy is affected by the training dataset. A larger dataset will be used in model training for providing better trained parameters in future work.
